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LIU Hua-Ping® GUO Di# SUN Fu-Chun* ZHANG Xin-Yu?

Abstract Embodied intelligence emphasizes that the intelligence is influenced by the interaction among brain,
body and environment. It is more focused on the interaction between the agent and environment. Therefore, the re-
lationship between the physical morphology and perception, learning, and control of the intelligent agent plays a vi-
tal role in the research of embodied intelligence. Currently, embodied intelligence comprehensively utilizes the re-
search results from the communities of mechanism, machine learning, and robotics to form a new ever-growing
branch. However, there is still no complete survey to summarize the research progress of the morphology-based em-
bodied intelligence. In this paper, we focus on the aspects of morphology computation based behavior generation,
learning based morphology control, and learning based morphology optimization to summarize important research
progress, scientific issues and future development directions, which can provide reference for the embodied intelli-
gence research.

Key words Embodied intelligence, morphology intelligence, morphology computation, morphology control, mor-
phology-control collaboration optimization
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